High throughput technologies inevitably produce vast quantities of data. This presents challenges in terms of developing effective analysis methods, particularly where the analysis involves combining data derived from different experimental technologies.
Introduction
The analysis of microarray gene expression data can present difficulties due to the vast size of the datasets. Depending on the purpose of the study, analysis may be further complicated by the need to combine data produced using different experimental techniques or by the underlying complexity of the phenotype being investigated. A systematic, data-driven, semi-automated analysis pipeline was developed for the pathway-based combined analysis of microarray and Quantitative Trait Locus (QTL) data as part of a study investigating the genetics underlying tolerance to African bovine trypanosomiasis (nagana) [1] .
Nagana is transmitted by the tsetse fly, leading to loss of productivity and often death in infected cattle. It represents a major constraint on livestock production in Africa [2] .
Some breeds of cattle, such as the Boran, are susceptible to the pathological consequences of trypanosomiasis. Others, such as the N'dama, are more resistant to these effects (trypanotolerant) [3] . However, the susceptible breeds have desirable traits, such as greater size, and can be preferred by farmers. Identification of genes that influence response to trypanosomiasis might inform new treatment approaches, or even pave the way for creating transgenic breeds that combine the desirable traits of susceptible and trypanotolerant cattle.
Trypanotolerance is a complex phenotype including several distinct components, likely to involve separate genetic control. Features include the ability to control anaemia, control parasitaemia and maintain bodyweight. Previous studies provide evidence of the complexity of trypanotolerance. The trypanosomiasis response of haematopoietic chimaeric twins bred from one Boran and one N'dama parent was studied, demonstrating that control of anaemia depends on bone marrow from a trypanotolerant background, whereas control of parasitaemia does not [4] . The mapping study that provided QTL data used in this analysis showed that the proportion of phenotypic variation explained by each QTL was between 6 and 20%, suggesting that multiple genes, or complex epistatic or environmental effects, may influence each trait [5] .
A microarray gene expression timecourse study was carried out to investigate gene expression differences between (trypanotolerant) N'dama and (trypanosusceptible) Boran cattle infected with T. congolense strain IL1180 [1] . This study generated a vast dataset.
Thousands of probesets on the array generated signals that were significantly different between timepoints and/or between the two breeds (in T-tests or paired T-tests with p<= 0.01).
A mapping study identified QTL for 16 phenotypic traits associated with trypanotolerance in Boran and N'dama cattle [5] . The gene underlying a QTL is not assumed to be differentially expressed. However, it is expected to connect biologically with differentially expressed genes. The known pathways that included a gene within one of the five QTL of largest effect were identified and compared with the known pathways that included a differentially expressed gene. The rationale behind this approach was to establish the possible connections between the QTLs and the differentially expressed genes.
A systematic strategy was used to enable an objective triage of the datasets, resulting in a shortlist of strong candidate pathways that included both a differentially expressed gene and a gene within a trypanotolerance QTL. These pathways were ranked according to the results of a Fisher exact test performed using the Database for Annotation, Visualisation and Integrated Discovery (DAVID) [6] . A literature search was carried out to determine whether the biological function of each pathway was likely to be linked to the phenotypic trait influenced by the QTL.
Large sections of the analysis were automated by adapting Taverna workflows originally developed for the study of trypanotolerance in the mouse model [7] . This allows the entire analysis to be repeated consistently and relatively quickly, for example to incorporate information on the bovine genome from a different EnsEMBL build. It would also be possible to adapt the analysis procedure to examine a different species or a different phenotype for which QTL data are available.
Materials and methods
Microarray gene expression data were acquired using Affymetrix Bovine Genome '100 format (Midi)' microarrays for liver samples harvested from Boran and N'dama cattle at 0, 12, 15, 18, 21, 26, 29, 32 and 35 days post-infection [1] These data were analysed with dChip [8] to identify and remove outliers before normalisation using the Robust Multi-Array (RMA) method.. Principal Components Analysis (PCA) was used to check that hybridisations grouped as expected.
T-tests were used to compare gene expression between breeds at each timepoint. Paired T-tests (using data for the same individual animals at different timepoints) were used to compare gene expression for each timepoint with day 0. Lists of probes that showed differential gene expression (p<=0.01) between breeds or over time were compiled.
A previous study identified trypanotolerance QTL in N'dama and Boran [5] . Five QTL were selected to include in this analysis based on phenotypic trait, mapping resolution and strength of effect. Base-pair positions of QTL relative to the EnsEMBL bovine genome preliminary build Btau2.0 were determined manually. Names and phenotypes for the five QTL are shown in table 1.
To combine microarray and QTL data, we adapted a Taverna workflow previously developed for the study of trypanotolerance in the mouse model [7] . The paper cited provides a full description. In brief, lists of differentially expressed genes (over time or between breeds) were associated with Kyoto Encyclopaedia of Genes and Genomes (KEGG) pathways. A separate process identified genes within QTL and associated these with KEGG pathways. A third process compared these lists to produce a list of KEGG pathways that contained both differentially expressed genes and genes from the QTL.
Some adaptations of the workflow were necessary. Rather than the mouse EnsEMBL build and IDs, the bovine EnsEMBL preliminary build (Btau2.0) was used. Bovine gene IDs were retrieved for Affymetrix probes then mapped to human homologues (using EnsEMBL data for NCBI build 36) so that human IDs could be used for the remainder of the analysis (available annotation on bovine genes is very limited). Output was in the same form as the original, comprising a list of KEGG pathways that included at least one differentially expressed gene and at least one gene from the QTL. This list was ranked based on the p-value of each pathway in a Fisher exact test performed on the microarray data using DAVID indicating whether pathway genes showed more differential expression than expected by chance. The list was annotated to add gene symbols for pathway genes in the QTL and to indicate the breeds and timepoints in which pathway genes were differentially expressed. Further annotation was derived from gene and pathway resources including GenBank, iHOP, GenMAPP and GeneGo: MetaCore. The list of pathways with a significant score (p <=0.05) in the DAVID Fisher exact test is displayed in Table 2 . Pathway genes lying within each QTL are also listed. Note that these data are based on an analysis using the EnsEMBL Btau2.0 preliminary build. A more recent preliminary build is available, and the analysis will be repeated, and key findings discussed, in a future publication.
Discussion
When studying complex phenotypes, analysis based on biological processes already known to be involved may be insufficient. It is possible that other key biological pathways, or complex interactions between them, could be missed. Data-driven approaches are useful to identify the biological processes showing strongest variation in the results.
The aim of a pathway-based approach to analysing microarray and QTL data is to identify biologically meaningful links between the two datasets. The gene underlying a QTL is not necessarily differentially expressed, but may influence expression of other genes downstream in a known pathway. This approach allows such genes to be identified without detailed investigation of every gene in the QTL regions or every gene that is differentially expressed.
Automation is increasingly necessary to handle the vast quantities of data produced by high-throughput technologies, where manual analysis of the entire dataset is not feasible.
Automated approaches are systematic, promoting consistency and reducing bias.
Consistent replication of automated analyses is relatively simple, allowing separate studies to produce comparable results and allowing analyses to be repeated in order to incorporate new information (e.g. from updates to genome build and gene information available in public databases). Automated analysis can be an effective triage process, producing a shortlist of strong targets for thorough manual investigation.
Conclusion
Systematic data-driven automated approaches offer an excellent means to triage data from high-throughput technologies, providing a shortlist of viable targets for thorough manual analysis and experimental confirmation. Captions: Figure 1 Summary of the analysis procedure. Automated sections are indicated using grey shading. Table 1 . Name and phenotype for the five trypanotolerance QTL used in this analysis.
For more detailed information, please refer to the original mapping study [Hanotte 2003 ] Table 2 . Pathways with a significant (p<=0.05) score in a Fisher exact test to determine whether the differential expression of pathway genes is higher than expected by chance.
The columns on the right give the gene symbols for pathway genes within each of the QTL.
